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quences	 for	 population	dynamics	 and	 life-history	 evolution.	 Integral	 projection	
models	(IPMs)	are	data-driven	structured	population	models	widely	used	to	study	





selecting	 the	 time-varying	 parameters	 from	 their	 joint	 probability	 distribution,	 is	
one	approach	to	including	stochasticity	in	IPMs.	We	consider	a	factor	analytic	(FA)	
approach	for	modelling	the	covariance	matrix	of	time-varying	parameters,	whereby	
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1  | INTRODUC TION
Environmental	variation	causes	vital	rates	to	vary,	affecting	population	
dynamics	 and	 life-	history	 evolution	 (Benton	 &	 Grant,	 1996;	 Boyce,	
Haridas,	Lee,	&	NCEAS	stochastic	demography	working	group,	2006).	
Interest	in	understanding	the	ecological	consequences	of	environmen-






complex,	 with	 nonlinear	 effects,	 multiple	 interacting	 drivers,	 indirect	
effects,	 and	 correlations	 between	 the	 drivers	 (Darling	&	 Cote,	 2008;	








2010).	All	 else	equal,	 failing	 to	account	 for	 this	 covariation	will	 bias	
model	outputs	(Fieberg	&	Ellner,	2001;	Metcalf	et	al.,	2015).	Positive	
covariance	among	vital	rates,	occurring	when	multiple	vital	rates	are	
affected	 by	 the	 same	 environmental	 drivers	 (Jongejans,	 de	 Kroon,	
Tuljapurkar,	&	 Shea,	 2010),	 increases	 the	variance	 of	 the	 stochastic	
population	growth	rate.	Negative	covariance	can	also	occur	as	a	result	
of	trade-	offs	between	rates	or	from	opposing	effects	of	environmental	
variables	 on	 different	 rates	 (Jongejans	 &	 De	 Kroon,	 2005;	 Knops,	
Koenig,	&	Carmen,	2007).	However,	in	plants,	covariation	is	predom-
inantly	 positive	 (Jongejans	 et	al.,	 2010),	 and	positive	 covariance	 ap-
pears	widespread	among	other	taxa	including	mammals	(e.g.,	Rotella,	











estimated	 for	 each	 year	 and	 these	 are	 resampled	 (Rees	 et	al.,	 2006;	
Williams,	 Jacquemyn,	 Ochocki,	 Brys,	 &	 Miller,	 2015);	 this	 preserves	
the	covariance	amongst	the	vital	rates.	Using	a	parameter	selection	ap-
proach,	a	unique	kernel	 is	constructed	at	each	time	step	by	randomly	





An	 alternative	 to	 estimating	 an	 unstructured	 covariance	matrix	 is	
to	use	 a	 structured	model	 for	 the	 temporal	 parameters	 (co)variances.	
Hierarchical	(multilevel)	factor	analysis	(FA;	Figure	1a),	whereby	one	or	
more	latent	variables	are	introduced	to	capture	the	temporal	covariance	
among	vital	 rate	parameters,	 is	a	promising	candidate	 (Marcoulides	&	
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effectively	 capture	 hypotheses	 about	 causal	 variables	 that	 cannot	 be	






2015;	 Zuur,	 Fryer,	 Jolliffe,	Dekker,	&	Beukema,	 2003)	 they	 are	 rarely	
used	to	parameterise	demographic	models.





















approach	 to	 a	 standard	 parameter	 selection	 approach,	with	 different	
numbers	 of	 temporally	 varying	 parameters.	 We	 then	 apply	 the	 ap-
proach	in	two	case	studies.	We	construct	a	demographic	model	of	the	
monocarpic	perennial	Carduus nutans,	and	show	how	the	latent	param-








2  | SIMUL ATION STUDY: COMPARING 
FAC TOR ANALY TIC AND UNSTRUC TURED 
APPROACHES
We	 compared	 the	 accuracy	 of	 population	 growth	 estimates	 from	
the	FA	approach	to	those	derived	using	an	unstructured	covariance	
matrix.	We	 considered	 two	 scenarios:	 a	 relatively	 simple	 life	 his-








be	generated.	Only	 the	correlation	coefficients	 for	 the	 temporally	
varying	parameters	were	 allowed	 to	 vary	 in	 each	 simulation,	 such	

























temporal	 variation.	The	 remaining	vital	 rates	are	 structurally	 anal-
ogous	to	Equation	(1),	differing	only	 in	their	distributional	assump-
tions	(Figure	1a).	Alternatively,	under	the	UCM	approach	each	vital	
rate	 contains	 a	 random	year	effect	 (εt;	 Figure	1b),	 sampled	 from	a	
multivariate	normal	distribution.







IPMs	 were	 constructed	 from	 each	 set	 of	 posterior	 samples	
(Appendices	A1.1.2	and	A1.2.2).	The	stochastic	population	growth	






The	 UCM	 approach	 led	 to	 marginally	 less	 diffuse	 estimates	 of	
stochastic	 population	 growth	 rate	 than	 the	 FA	 approach.	 This	
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models.	However,	even	with	12	years	of	 temporal	 replication	 the	
differences	 between	 the	 performance	 of	 the	 two	 methods	 was	
small,	 and	with	 25	years	 of	 replication	 both	methods	 performed	
well	 (0.8	≤	λs/λt	≤	1.1).	 The	 estimates	 of	 stochastic	 population	
growth	 rate	were	 strongly	 correlated	 between	 the	 two	methods	






approaches	 was	 very	 similar	 (Appendices	A1.1.4	 and	 A1.2.4).	
Carrying	out	a	variety	of	model	checks	may	help	to	 improve	the	
accuracy	 of	 the	 models,	 for	 example,	 under	 the	 FA	 approach	
here	we	 assume	 a	 single	 latent	 variable	 can	 account	 for	 the	 co-
variation	among	the	vital	rates,	which	may	not	always	be	the	case	
(Appendix	A1.3).
3  | C A SE STUDY 1:  THE EFFEC T 
OF ENVIRONMENTAL QUALIT Y ON 
REPRODUC TIVE DEL AYS IN C ARDUUS 
NUTANS
3.1 | Background and methods
Carduus nutans	 is	 a	monocarpic	 thistle	with	a	persistent	 seedbank	
and	 short-	lived	 rosettes	 (Appendix	A2.1;	 Popay	 &	 Medd,	 1990;	
Wardle,	 Nicholson,	 &	 Rahman,	 1992).	We	 use	 a	 FA	model	 to	 ex-
plore	how	environmental	change	may	affect	selection	for	reproduc-
tive	 delays	 in	 this	 species.	 Reproductive	 delays	 can	 act	 as	 a	 form	
of	diversified	bet	hedging,	spreading	a	cohort	across	multiple	years	
and	therefore	decreasing	the	effect	of	a	bad	year	on	the	cohort	as	
a	whole	 (Childs,	Metcalf,	 &	 Rees,	 2010;	 Cohen,	 1966;	 Rees	 et	al.,	






































     |  2287Methods in Ecology and EvoluonHINDLE Et aL.
Grubb,	&	Ellner,	2004;	Rees	et	al.,	2006).	Post-	establishment	delays	










logarithm	of	 rosette	area	 (z),	 a	measure	of	plant	 size	 that	predicts	



























viations	 (σt)	estimated	 in	 the	vital	 rates	model.	The	 joint	 flowering	
intercept	 and	 germination	 probability	 ESS	 were	 predicted	 using	
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that	 is,	 selection	 for	 a	perennial	 life	 history	dominates	 in	higher	
quality	environments	(Figure	3	and	Appendix	A2.6).	In	lower	qual-
ity	 environments	 selection	 acts	 on	 the	 germination	 probability,	
delaying	reproduction	preestablishment	by	increasing	the	chance	
of	 seeds	 entering	 the	 seedbank.	 Decomposing	 the	 changes	 in	
ESS	into	the	effects	of	the	different	vital	rates	suggests	that	the	
changes	in	flowering	size	are	mainly	driven	by	changes	in	survival	







doubles	 from	3.36	to	7.10	with	an	 increase	 in	mean	Q	 from	0	to	
2,	resulting	in	a	9-	fold	increase	in	the	estimated	number	of	seeds	
produced.	Increasing	levels	of	environmental	variability	generally	
caused	 selection	 for	 earlier	 flowering	 and	 a	 lower	 germination	
probability	(Figure	3).
4  | C A SE STUDY 2:  INCORPOR ATING A 
PUTATIVE ENVIRONMENTAL DRIVER: THE 
EFFEC T OF FIRE ON THE DEMOGR APHY OF 
ERYNG IUM CUN EIFOLIUM
4.1 | Background and methods
Eryngium	is	a	fire-	adapted	perennial	herb	with	a	persistent	seedbank	
(Menges	 &	 Kimmich,	 1996;	 Menges	 &	 Quintana-	Ascencio,	 2004)	










the	15–30	year	 recommendations	 for	 its	Florida	 scrubland	habitat	
(Menges,	2007).	Alternative	management	strategies	may	therefore	
be	 required	 for	Eryngium.	We	 use	 perturbation	 analyses	 to	 deter-
mine	how	altering	FRIs	and	the	effect	of	fire	on	the	vital	rates	affects	
population	growth.
The	Eryngium	 IPM	 (Appendix	A4.2)	was	 structured	by	 the	nat-
ural	 logarithm	 of	 rosette	 diameter	 (Menges	&	Quintana-	Ascencio,	
2004).	We	assume	density	independent	dynamics	to	investigate	the	
persistence	of	the	population	(Menges	&	Quintana-	Ascencio,	2004;	
see	 Appendix	A5	 for	model	with	 density	 dependent	 recruitment).	





Flowering	 and	 the	 number	 of	 flowering	 stems	 were	 highly	 cor-
related,	so	the	flowering	(εf)	and	(εb)	year	effects	were	sampled	from	
a	 bivariate	 normal	 distribution.	 Sampling	 these	 parameters	 from	
univariate	distributions	results	 in	the	 latent	variable	failing	to	fully	
account	 for	 the	covariation	among	the	vital	 rates	 (Appendix	A4.3).	
Posterior	samples	were	again	drawn	using	MCMC	sampling	in	JAGS,	




The	 posterior	 means	 were	 used	 to	 parameterise	 an	 IPM	
(Appendix	 A4.4).	 At	 each	 iteration,	 the	 latent	 parameter	 (Q)	 was	
randomly	sampled	 from	a	normal	distribution	with	mean	βtsf × TSF 
and	standard	deviation	of	one.	Submodel-	specific	year	effects	were	
drawn	 from	 normal	 distributions	 (bivariate	 normal	 for	 flowering	







observed	 in	the	field	 (Appendix	A4.5).	A	model	with	 low	first	year	
germination	 (0.0),	 high	 germination	 from	 the	 seedbank	 (0.04)	 and	
low	seed	mortality	(0.5)	was	selected	as	it	was	consistent	with	ob-
served	changes	in	aboveground	population	growth	(Figure	4a).	That	




The	 effects	 of	 different	 fire	 regimes	were	 explored	 using	 a	 range	
of	constant	FRIs	from	two	to	30	years	 (Appendix	A4.6).	Stochastic	
population	 growth	 rates	were	 estimated	 by	 iterating	 100	 popula-
tions	for	1,000	years;	the	first	200	years	were	excluded	as	transient	
dynamics.	We	 found	populations	were	 likely	 to	decline	where	 the	
time	 between	 fires	was	 too	 short	 (c.	 <4	years),	 because	 plants	 do	
not	produce	enough	seeds	 to	 replenish	 the	 seedbank,	or	 too	 long	
(c.	>15	years;	Figure	4b),	as	they	are	outcompeted.	This	is	in	accord-
ance	with	a	previous	study,	using	a	matrix	selection	approach,	which	
found	 an	 optimal	 FRI	 of	 less	 than	 15	years	 (Menges	 &	Quintana-	
Ascencio,	2004).
To	determine	how	altering	 the	 effect	 of	 fire	 on	 the	 vital	 rates	
affected	 population	 growth	 the	 βtsf	 parameter	 was	 perturbed	
(Appendix	A4.6).	This	is	a	measure	of	how	quickly	the	environment	
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decays	as	TSF	increases;	more	negative	values	of	this	parameter	in-
dicate	 the	quality	of	 the	environment	decreases	more	quickly	 fol-
lowing	a	fire.	Stochastic	population	growth	rates	were	estimated	as	
before,	but	 the	 fire	 regimes	were	varied	randomly	 throughout	 the	
simulations	(with	the	same	chance	of	each	FRI	occurring),	either	be-
tween	1	 and	15	years	 (optimum	 for	Eryngium)	 or	 between	15	 and	
30	years	 (optimum	 for	 Florida	 scrub	 habitat).	 Decreasing	 βtsf by 
around	 1/3	 could	 make	 a	 15:30	year	 FRI	 strategy	 sustainable	 for	





Identifying	 the	 environmental	 drivers	 of	 variation	 in	 demographic	
performance	 is	 challenging.	 A	 variety	 of	 approaches	 have	 been	
proposed	 (e.g.,	Teller,	Adler,	Edwards,	Hooker,	&	Ellner,	2016;	Van	
der	Pol	et	al.,	2016),	but	the	performance	of	any	method	is	 limited	
by	 the	 degree	 of	 temporal	 replication	 available.	 The	mean	 length	


























cost	of	 increased	bias	when	 the	model	 is	 insufficiently	 flexible.	 In	
practice,	we	found	that	the	UCM	and	FA	approaches	yielded	com-
parable	estimates	of	population	growth	rate	in	our	simulation	study,	













The	 main	 advantage	 of	 using	 a	 FA	 model	 is	 that	 it	 identifies	
the	 main	 axis	 of	 demographic	 variation,	 which	 then	 provides	 a	
basis	 for	 prospective	 analysis	 of	 how	populations	may	 respond	 to	










(FRIs).	(b)	Log	λs	under	different	FRI.	(c)	Effect	of	changing	value	of	βtsf on log λs	under	two	different	FRIs.	Dotted	vertical	line	shows	the	
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environmental	change.	When	it	is	not	possible	to	explicitly	identify	
environmental	 drivers	 of	 demographic	 variation,	 local	 perturba-
tion	analysis	of	model	parameters	 can	be	used	 to	explore	 the	po-
tential	 response	of	 a	population	 to	environmental	 change	 (Rees	&	




tiple	 processes	 respond	 in	 a	 coordinated	 manner	 to	 environmen-
tal	change.	An	FA	model	allows	us	to	 identify	the	potential	axis	of	
change	and,	by	 focusing	perturbation	analyses	on	 this	axis,	makes	










The	key	 limitation	 is	that	this	 interpretation	of	the	FA	model	as-
sumes	 the	 temporal	 covariances	 are	 largely	 environmentally	 driven.	
This	may	not	be	true	if	individuals	substantially	adjust	their	allocation	

















Isaza	 et	al.,	 2016).	 The	 FA	 approach	 can	 simplify	 the	 process	 of	
incorporating	 such	drivers,	 as	 they	 can	be	 included	 into	a	 single	
model	of	the	shared	environmental	axis.	Where	explicit	environ-
mental	 drivers	 (e.g.,	 population	 density	 or	 temperature)	 can	 be	
identified,	 these	 are	 typically	 considered	 on	 a	 process-	specific	
basis,	by	constructing	separate	models	for	survival,	reproduction,	
growth,	 and	 recruitment	 (e.g.,	 Dahlgren,	 Ostergard,	 &	 Ehrlen,	
2014;	Williams	 et	al.,	 2015).	 This	 would	 require	 the	 addition	 of	
four	time-	since-	fire	slope	parameters	in	our	Eryngium	case	study,	
one	for	each	temporally	variable	vital	rate	(e.g.,	Evans	et	al.,	2010).	
Instead	 we	 introduced	 a	 higher	 level	 model,	 decomposing	 the	
shared	axis	of	environmental	variation	into	explained	and	residual	





rate	 of	 decay	 in	 environmental	 quality	 following	 a	 disturbance.	



















of	 uncertainty	 to	 be	 quantified	 (Evans	 et	al.,	 2010).	 Uncertainty	




model	 fitting	 (Appendix	A1.3)	 can	 help	 to	 increase	 the	 accuracy	
of	the	model	output.	Such	checks	are	particularly	 important	when	










often	 lacking,	especially	 for	 rare	 species.	Where	positive	covariance	
exists	among	vital	rates	these	can	be	exploited	under	a	FA	approach	to	
allow	predictions	on	the	joint	responses	of	vital	rates	to	environmental	
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